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The COVID-19 pandemic elevated public awareness of the impact of health inequities
and the role that social determinants of health (SDOH) play in population health outcomes.
Despite the utility, healthcare providers remain ill-informed on the community level SDOH data
needed to improve health outcomes due to this information not being integrated into the
Electronic Health Record (EHR) (Cantor and Thorpe, 2018; Park, 2018). Therefore, the
association between community and environmental SDOH variables at the zip code level, using
North Carolina hospital admissions data for infant mortality, adult mortality, and ambulatory
care sensitive conditions (ACSC) were evaluated through logistic regression to determine the
impact of the social vulnerability index (SVI) on health outcomes. Whereby, high SVI
(OR=1.13, 95% CI: 1.05-1.23) was associated with 13 percent increased risk of infant mortality,
15 percent increased odds of adult mortality (OR=1.15, 95% CI: 1.06-1.25), and 19 percent
increased odds of ACSC diagnosis (OR=1.19, 95% CI: 1.14-1.23), among those admitted to the
hospital, when controlling for age, sex, and insurance status.
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1

1.1

CHAPTER I INTRODUCTION

Background and Need

The Affordable Care Act of 2010 served as a catalyst for the healthcare industry to adopt
delivery systems that produce optimal care and healthier patients, while reducing care expenses
(Spugnardi, 2016). The expansion of insurance coverage was designed to address access to care
issues for disadvantaged populations. However, healthcare in the United States has remained a
high expense industry. In 2019, expenditure rates were inflated by 4.6 percent, summing a total
of $3.8 trillion dollars, which is approximately $11,582 per person and 17.7 percent of the
nation’s Gross Domestic Product (CMMS, 2020). Despite the investment in clinical care, racial
and ethnic disparities in insurance coverage and health outcomes still exist (Angier et al., 2019).
Undoubtedly, the most devastating health gaps reside beyond the scope of healthcare and
as organizations begin to shift to a value-based care model, the need to address social
determinants of health (SDOH) has become more critical (Stefanacci and Riddle, 2018). The
COVID-19 pandemic elevated public awareness of the impact of health inequities as well as the
role that SDOH play in population health outcomes. Social determinants of health (SDOH) are
described as the influences that impact the health of individuals and communities, and are
considered a core pillar in addressing existing health disparities (Artiga and Hinton, 2018; CDC,
2018). Healthy People 2030 categorizes SDOH in five dimensions: education access and quality,
economic stability, social and community context, neighborhood and built environment, and
healthcare access (USDHHS, 2021). The importance of addressing SDOH is highlighted in the
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population health and health equity emphasis presented in both the Public Health 3.0 and
Quadruple Aim Models (Desalvo et. al, 2017; Nash et. al, 2017).
1.2

Problem Statement

The ultimate long-term population health goal is to ensure everyone has equitable access
to live well and be healthy. The existing commitment to population health strategies is an
approach that hospitals are beginning to financially support. For example, Horwitz found via
public announcements that at the time of investigation, 57 hospital systems were investing in
population health programming, with a summed total of $2.5 billion dollars (2020). However,
healthcare providers remain ill-informed on the community level data needed to address SDOH,
and more comprehensively facilitate population health interventions. In particular, the potential
association of SDOH and ambulatory care sensitive conditions (ACSC) has not been studied at
great lengths, despite the increased risk of outpatient and emergency visits that the classification
of outcomes presents as well as its use as a health equity index indicator (Gjini et. al, 2021 and
Pressman et. al, 2019). Bazemore and colleagues discuss the potential utility of integrating
“community vital signs” or community level data into electronic health records (EHR) (2015).
Yet, there is not an existing consolidated model for presenting community level SDOH data in
EHR systems, due partly to a lack of consensus on standards and data collection methods (Cantor
and Thorpe, 2018; Park, 2018).

1.3

Research Hypotheses and Questions

Therefore, I sought out to determine what set of environmental and community social
determinants of health (SDOH) variables could be derived from public data sources and
disaggregated at the zip-code level. The identification of environmental and community SDOH
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data at the zip code level could improve population health strategies by geographically tailoring
efforts to better address the specific needs of the communities served, and in time be integrated
into electronic health records (EHR) systems. The zip code lens was selected since it is a metric
collected for all hospital patients, easily understood by the public, and would provide more
specific community data than county overviews. As a result, my research questions were as
follows:
1. What variables are identified in the literature to be SDOH?
2. What SDOH variables are available in public use datasets at the zip code or census tract
level?
3. At the zip code level, what is the association between the identified community and
environmental SDOH variables and North Carolina hospital admissions data for infant
mortality, adult mortality, and ambulatory care sensitive conditions (ACSC)?

1.4

Population

The area of interest for this study is the state of North Carolina. Each of the 1,079 zip
codes in the state were considered, but only zip codes with available Healthcare Cost and
Utilization Project (HCUP) data were included in analysis. It is important to note that due to the
HCUP data resource used in this study, the conclusions drawn can only be applied to North
Carolina (NC), particularly patients that were admitted to a NC hospital in 2018 who also had a
registered in-state address.

10

2

2.1

CHAPTER II SCOPING LITERATURE REVIEW

The Impact of Health Inequity

The strategic consideration of social determinants of health (SDOH) has shown to be a
foundational step in achieving health equity. It has been reported that inequities in healthcare
result in the annual economic loss of $309 billion dollars (Houlihan and Leffler, 2019). The
financial burden is significant, for only 20 percent of overall health is attributed to the clinical
care patients receive or the genetics they were born with (Houlihan and Leffler, 2019).
Healthcare coverage is qualified as a SDOH as it is a critical access variable found to contribute
to racial and ethnic disparities (Angier et al., 2019). The element of wealth as a SDOH has even
been explored in terms of medical debt (Mendes de Leon and Griggs, 2021). Unlike debt
acquired to help build financial stability (i.e. home mortgage), medial debt can negatively impact
the likelihood of recovery, induce stress, and limit the ability to develop good credit history
(Mendes de Leon and Griggs, 2021). Therefore, the association of medical debt and health
insurance is an important relationship to consider. Consequently, the adoption of care models
that address social determinants of health are becoming more favorable, given the growing
support of value-based payment alternatives.
The tactic of seeking to improve health by addressing social and economic inequalities
nonetheless is not a stance without critique. Preda and Viogt have argued that the assumptions
made by health inequities are more an issue of social injustice rather than a variable of health
(2015). The rebuttal argument persuades that tackling health equity is a monumental step to
better understanding and addressing the root causes of social injustice (Chapman, 2015).
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Regardless of the varying opinions on the appropriate role of healthcare in combating health
inequities, the reality remains that the overwhelming majority (87.9%) of physicians in the
United States have reported that their patients struggle with a social condition, which impedes
their ability to live healthy lives (Physicians Foundation, 2018).
For example, Song and colleagues explored the potential association of socioeconomic
status and stroke mortality (2014). The use of county-level characteristic factors was evaluated
using a cross-sectional study design. Song found that even when stroke mortality decreased, the
disparity of deaths was still present and more strongly associated with demographic
compositions than with healthcare and environmental factors (2014). Additionally, the utilization
of county level socioeconomic status data was used to explore its association with COVID-19
deaths (Tan, et. al, 2021). Tan’s research team executed an ecological study design to determine
any existing correlation between county-level COVID deaths/cases and Gini coefficients (2021).
Their investigation concluded that income inequality had the greatest association with summer
deaths/cases and thereby could be used as a tool to mitigate the ongoing pandemic (Tan, et. al,
2021).

2.2

Health Equity Measurement: Rates of Ambulatory Care Sensitive Conditions

Ambulatory Care Sensitive Conditions (ACSC) are health outcomes (i.e. dehydration,
low birth rate, hypertension, asthma, and uncontrolled diabetes) that given adequate primary
healthcare, are considered preventable hospitalization cases (Wallar, DeProphetis, and Rosella,
2020). Gjini and colleagues investigated the potential relationship between adult diagnosis of
ACSC and social determinants of health (SDOH) for thirteen states using data from the 2017
Behavioral Risk Surveillance System (2021). Through binary logistic regression and weighted
12

state level data, it was found that greater than 45 percent of the participants had an ACSC and
those with a diagnosis had increased odds of living in an unsafe neighborhood and experienced
difficulties affording housing expenses (Gjini et. al, 2021). The researchers therefore concluded
that due to the population’s community and socioeconomic barriers, SDOH could influence how
the participants managed their condition.
ACSCs have been recognized as a measure of health equity, since the conditions if
properly managed could be treated in an outpatient setting (Wallar, DeProphetis, and Rosella,
2020). Electronic health records have been the tool more readily utilized to evaluate the volume
of ACSCs among patients. Wallar and colleagues sought to measure the impact of population
health intervention on improving health equity, which combined available data from the EHR,
local public health department, and national resources such as American Community Census
Survey (2020). The metrics were specific for a California based system comprised of 24
hospitals and five medically affiliated foundations (Wallar, DeProphetis, and Rosella, 2020).
The calculated health equity score was then disaggregated by condition, race, ethnicity,
and gender to determine the group(s) most greatly impacted (Wallar, DeProphetis, and Rosella,
2020). The practice of quantifying health equity has gained international momentum, whereas
the National Health Service of England has taken a similar approach to assess equity in ACSC
hospitalizations. Efforts thus far however, have been limited to one point reports as opposed to
real time insight (Wallar, DeProphetis, and Rosella, 2020).

2.3

The Population Health Approach and Metrics

The American Journal of Public Health’s March 2003 issue presented six different
models for population health (Friedman and Starfield, 2003). At the time, there was no
13

universally accepted definition of population health and each existing model varied in their
categorical factors, explanation of causal relationships and interactions, and distinction between
population and individual health (Friedman and Starfield, 2003). Friedman and Starfield
challenge that in addition to the traditional factors evaluated in population health studies, which
includes social, economic, and built environment determinants that the role of politics should be
considered (2003). The inclusion of politics was presented as an opportunity to influence public
health programs, surveillance, and research in a multilevel approach. Additionally, they
encouraged further debates over the working population health definitions to resolve the lack of
clarity between individual and population health (Friedman and Starfield, 2003).
As a result, emerging population health definitions have undergone transformation and
revision to be more comprehensive. For example, the population health definition developed in
2003 by Kindig and Stoddart was amended in 2015 to better address clinical populations, which
spurred the interest of population medicine (Shock, 2019). Population health measurement now
seeks to better quantify health outcomes through partner engagement, consideration of social
determinants of health (SDOH), cultural factors, and innovative intervention such as
interdisciplinary team-based care (Shock, 2019).
The national call proposed by the Institute of Medicine for the integration of primary care
and public health to address population health is supported by the American Academy of Family
Physicians and Institute for Healthcare Improvement’s Triple Aim model now known as the
Quadruple Aim (Silberberg et al., 2019). Researchers Coles, Curtis, and Boulware highlight the
value that primary care providers contribute to our healthcare system, given their ability to care
for the healthiest patients and those impacted by chronic disease (2019). According to a
Canadian study, family physicians more frequently document Statistical Classification of
14

Diseases (ICD) diagnosis codes than other specialties (Cunningham et al., 2014). Therefore, the
involvement of primary care in identifying the strongest metrics of population health is critical.
To ensure impact, these metrics must be actionable and support the assessment of population
health improvement through feasibility, interpretability, consistency, time, and validity (Coles et
al., 2019). Frameworks such as the Tool for Health and Resilience in Vulnerable Environments
(THRIVE) is recognized for its acknowledgement of structural drivers (i.e., money, power), the
essential component of community engagement, and the acute need for assessment that yields
measurable and action-oriented resiliency metrics (Shock, 2019).

2.4

County Health Rankings and the Role of Health Factors

The Robert Wood Johnson Foundation supports the annual release of County Health
Rankings (CHR) which details four health factor categories that influence community health
(RWJ, 2021). The CHR model was developed by the University of Wisconsin’s Population
Health Institute and weights health determinants to generate the hierarchical classification
process which is as follows: social and economic factors (40%), healthy behaviors (30%),
clinical care (20%), and physical environment (10%) (Hood, et al., 2016). The model also
considers overall health outcomes such as length and quality of life, which are equally weighted.
As the model has become nationally accepted and referenced, interest in testing its validity has
grown.
Hood and colleagues sought to evaluate the performance of the CHR model through an
assessment of the established association of health factors and outcomes. Utilizing the 2015 CHR
model and a multilevel hierarchal linear regression methodology, researchers produced
composite scores for the health factors and outcomes for 45 states (Hood, et al., 2016). The
15

investigation reveals information on which factors were most influential in each of the included
states and confirmed that the empirical evidence supports the following weighted values for
social and economic factors (47%), healthy behaviors (34%), clinical care (16 %), and physical
environment (3 %) (Hood, et al., 2016). It is important to note that rural and urban status, age,
gender, race, and population size were classified as control variables. Overall, though it was
confirmed that the CHR model more accurately matches the association in some states than
others, the working model was confirmed to be a credible resource to guide population health
efforts through a concentrated focus on social and economic factors (Hood, et al., 2016).
More recently, Stiefel and colleagues worked to expand the comparability of the CHR
model which currently is state specific, to include a national comparative lens (2020). Percentile
scores were created with 2018 CHR data for over 3,000 counties and population size was
weighted so that counties with a smaller census were measured at a lesser value than those with
higher resident numbers (Stiefel et al, 2020). To conduct this analysis, national data was utilized
to generate z-scores, population size was removed as a control variable, and the composite scores
were re-standardized in order to allow for county comparison. This methodology has also been
utilized by Kaiser Permanente in their Community Health Report, which aims to depict the
population health trends across their eight regions (Stiefel et al, 2020). As a result of the national
application of the CHR model data, counties can now assess their health beyond the restriction of
their state to include a national culture of health perspective (Stiefel et al, 2020).
Though CHR has provided a model to guide population health efforts, it is important to
note that health factors are not linearly related to health outcomes, due to the complexity of
wellness itself (Gonnering and Riley, 2018). For example, cultural elements such as the
“Hispanic Paradox” phenomenon where the health of Latinx persons can more closely mimic
16

non-Hispanic whites, than that of minority/ethnic groups of the same socioeconomic status can
be at play (Medina-Inojosa, et al. 2014). Therefore, seeking a clear understanding of the intricate
elements influencing community health is essential.

2.5

Geographic Importance of Zip Codes

A foundational principle in population health strategy is understanding the optimal
location of services and interventions. In the United States, a person’s place of birth is more
significantly associated with their life expectancy than their race or genetics (Houlihan and
Leffler, 2020). The webbed dynamics of the environment and health are becoming more
complex and a concern for populations worldwide. Salgado and colleagues through a review of
84 Portugal studies concluded that there were positive associations between all the
environmental determinant variables analyzed with the overall morbidity and mortally in the
urban settings (2020).
Zip codes have been identified as an even more specific geographic space for the
indication of health and existing health inequities (Schranger, 2020). The University of
Wisconsin School of Medicine and Public Health has worked to map out the following by
neighborhood or census: adult and childhood obesity, walkability, and outdoor opportunities, and
farm to school activities (Wisconsin Partnership Program, 2016). The health atlas tool is used to
help identify the existing gaps of access and act as a guide for population health programming
and interventions. Kind and Buckingham have since built upon the model to develop a
Neighborhood Atlas, which publicly shares customizable and mapping community disadvantages
across the United States, including the Puerto Rico territory (2018). Weathers and colleagues
similarly studied the disparities of life expectancy for the state of Indianapolis (2015). In their
17

study, it was found that 14 miles in Indianapolis equated to a 14-year difference in life
expectancy. Analysis at the zip codes and neighborhood level generates more specific variation
details, included that there were lower life expectancy values for urban areas and higher values
for suburban spaces (Weathers, et al., 2015). This is particularly of interest since the United
Nations reports that 50 percent of the people in the world live in urban areas and rates are
predicted to increase to 66 percent by 2030 (2018).
Understanding health through the geographic confines of zip code specific
neighborhoods, is furthered explored through the comparison of Stanford’s WEELL for Life
Scale (SWLS), an individual assessment with twelve community indicators collected from
secondary sources (Chrisinger, Gustafson, and Sandra, 2019). The neighborhood factors included
were: race, education (three categories), divorce, median household income, children in poverty,
federally qualified health centers, mammography rates, preventable hospital stays, commute by
bike, and commute by public transit. Given a liner mixed model approach adjusted for
individual-level covariates and spatial autocorrelation, it was found that each of the SWLS
domains were statistically significant (p<.05) for at least one neighborhood factor (Chrisinger,
Gustafson, and Sandra, 2019). Federally Qualified Health Center was the only neighborhood
characteristic with a significant association, and the following individual variables had the
greatest correlation: social connectedness (4/10), physical health (5/10), and stress and resilience,
emotional and mental health, and financial security (6/10). The neighborhood characteristic with
the greatest association with wellbeing domains were median income, percent of high school
graduation (5/10), percent of those with a bachelor’s degree (6/10), and preventable hospital
stays (7/10) (Chrisinger, Gustafson, and Sandra, 2019). Subsequently, it can be concluded that
the neighborhood characteristics are most closely aligned with individually collected wellbeing
18

data. Though some variation in the domains is evident, it confirms that consideration of the
multi-dimensional nature of health must be considered on the individual and community level
(Chrisinger, Gustafson, and Sandra, 2019).
Therefore, the exploration of how technologies such as geographical information systems
(GIS) can be applied to public and population health strategies can be meaningful. GIS databases
are able to utilize coordinates and addresses to provide association data on spatial and non-spatial
information, which include factors that are dependent and independent of geographical locations
(Shaw and McGuire, 2017). Shaw and McGuire through a literature review assessment
summarized the current GIS capabilities in four categories: disease surveillance, risk analysis,
health access and planning, and community profiling (2019). Particularly with the community
profile utility, GIS can inform the placement and priorities of population health communitybased interventions. However, one of the barriers to GIS adoption is the variability between
systems, and the limitation of the results being dependent on the quality and quantity of the data
integrated (Shaw and McGuire, 2017).

2.6

Electronic Health Record Integration (EHR) of Social Determinants of Health (SDOH)

It has been recommended by the National Academy of Medicine (formerly Institute of
Medicine) to document social determinants of health (SDOH) within the electronic health
records (EHR) (Gold, 2017). As opposed to individual metrics, the collection of community and
environmental SDOH data is noted by Cantor and Thorpe as a noninvasive method to improve
population health (2018). Community SDOH data can equip EHR systems with information that
is readily available through local governmental resources that does not require additional patient
assessment (2018). However, the goal of integrating community and environmental patient data
19

within EHR systems is indeed an existing hurdle to overcome. Despite its potential utility, the
lack of standardization is an issue, whereas objectivity is a vital component of clinical decisions
and interventions (Cantor and Thorpe, 2018).
EHR was originally designed for the purpose of billing, but overtime have become a lowcost alternative for primary data and a critical tool in leveraging patient information regarding
the built, physical, and social environment of served populations (Casey et al., 2016). The
resource can also be linked to self-reported data in addition to geographical information (Casey
et al., 2016). Currently, metrics such as race/ethnicity, depression history, nicotine, and alcohol
use are included in records. However, it is being encouraged to also include data such as social
connections, stress levels, exposure to violence, and neighborhood characteristics (Gold, 2017).
Therefore, as the practice of collecting SDOH moves from theory to integrated practice, the need
to investigate the feasibility of electronic heath record utilization is a pressing research gap. In
response, Gold and colleagues conducted a pilot study to evaluate how self-reported data could
be utilized with three Community Health Centers in the Pacific Northwest area (2018). The
researchers utilized a mixed method approach to determine if their SDOH referral tools would be
practical, and provided a variety of implementation strategies as well as two training
opportunities for the clinic staff to partake in. Though workflow was identified as a primary
barrier, SDOH EHR integration was found to be helpful in addressing patient challenges as long
as the services offered were available, accessible, and aligned with priority needs (Gold et al.,
2018).
SDOH data can be classified in terms of structured and unstructured types. Structured
data is described as information aggregated from scheduling and billing databases, while
unstructured resources are defined as EHR stored information (Vest et al, 2017). Vest and
20

colleagues utilized a cross-sectional design to investigate how the two types of data may vary in
their depiction of a patients SDOH needs (2017). Their findings were limited to eight SDOH
services, but they found that over 50 percent of the participants required a SDOH service. It was
concluded that unstructured and structured lacked synergy in their evaluation of patient needs,
but unstructured resources did document more complicated patient cases (Vest et al, 2017).
Adler and Stead suggest that the adoption of SDOH EHR integration alongside
standardized questionnaires can enhance precision in clinical diagnosis and treatment, while
reducing bias (2015). The utilization of assessment tools such as the Framingham risk score
alone have been proven to result in the underdiagnoses of cardiovascular disease in patients
facing financial instability (Adler and Stead, 2015). This clinical error can be minimized when
records are also informed with socioeconomic status information (Adler and Stead, 2015). In
2015, ICD-10 EHR documentation became required by the Department of Health and Human
Services and through the expansion of z codes, SDOH can be better captured (Gottlieb et al.,
2016). Though this is not a universal documentation standard, it does provide an example of how
this strategy to address SDOH can be adopted and sustained through supportive health care plans
and incentives.
As EHR systems improve, standardized SDOH data collection, recordkeeping, and
referrals must be established in order to persuade others to participate. As an observational study,
the Boston Medical Center evaluated the existing burden of SDOH among patients while also
studying the feasibility of screening and documenting data via their EHR system (Buitron de la
Vega, et al., 2019). It was found that 70 percent of their 2,420 new primary patients were
screened, and the most prevalent SDOH challenges were employment, cost of medications, and
food insecurity. Additionally, it was concluded that 82 percent of patients with at least one self21

identified need, had the appropriate ICD-10 documented in their EHR. These results confirmed
that there is not only a need to document SDOH data, but that the process of collection and
recording are also realistic for existing clinical workflow, if strategically mandated as a standard
care order (Buitron de la Vega, et al., 2019).
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3.1

CHAPTER III METHODOLOGY

Research Design or Method

My project adopted a quantitative design and included a review of the existing social
determinants of health (SDOH) models, an evaluation of which community and environmental
variables were included, and an inventory of resources that are available at either the census tract
or zip code level. Details of the methods used to address each of the three research questions
have been provided below:
1. A thorough review of the literature was conducted to develop a composite list of the most
referenced and utilized SDOH models. Various search terms such as SDOH, health
determinant, health equity, and health disparities were used to identify peer-reviewed
resources.
2. To document the similarities and differences of the identified SDOH models, a chart
which details the SDOH variables, and their governmental source(s) was crossreferenced. The geographic span of these resources was restricted to SDOH variable data
provided at the census tract or zip code level.
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3. The available 2018 Healthcare Cost Utilization Project (HCUP) data for infant mortality,
adult mortality, and ambulatory care sensitive conditions were analyzed at the zip code
level and logistic regression models were used to evaluate any existing correlation
between these zip code specific outcomes and the selected community/environmental
SDOH data.

3.2

Sample Selection

The social determinants of health (SDOH) variables were identified through the
execution of a thorough literature review of the models more readily used in population health
and public health practice and research. As a preliminary deliverable, I developed a chart that
indicates which SDOH variables are available at the zip code or census tract level (Table 1 and
2). The origin of this information was noted, so that the resource can easily be revised.

3.2.1

Table 1: Community and Environmental SDOH Variable Categories

Healthy People 2030
SDOH Categories
Economic Stability
Education Access and Quality

RWJ SDOH Categories

Socioeconomic Status

Social and Economic Factors

Social and Community Context
Health and Health Care
(Healthcare Access and Quality)
Neighborhood and Built
Environment

SVI SDOH Categories

Household Composition &
Disability
Minority Status & Language

Clinical Care
Physical Environment
Health Behaviors
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Housing Type & Transportation

3.2.2

Table 2: Selected Zip-Code Level Community and Environmental SDOH Variables
SDOH Community and
Environmental Variables

SDOH Category

Socioeconomic Status

Household
Composition &
Disability

Minority Status &
Language

Housing Type &
Transportation

Built Environment

Resource

Food Security (very low food security in
children)

Current Population Survey Food
Security Supplement (CPS-FSS)

Food Access

Food Access Research Atlas

Below Poverty

U.S. Census Bureau

Unemployed

U.S. Census Bureau

Income

U.S. Census Bureau

No High School Diploma

U.S. Census Bureau

Some college

American Community Survey (ACS)

Income equality
Injury deaths

American Community Survey (ACS)
National Vital Statistics System
(NVSS) - Mortality

Aged 65 or Older

U.S. Census Bureau

Aged 17 and Younger

U.S. Census Bureau

Civilian with a Disability

U.S. Census Bureau

Single-Parent Households
Proportion of adolescents who have an
adult they can talk to about serious
problems

U.S. Census Bureau

Minority

U.S. Census Bureau

Speaks English "Less than Well"

U.S. Census Bureau

Multi-Unit Structures

U.S. Census Bureau

Mobile homes

U.S. Census Bureau

Crowding

U.S. Census Bureau

No Vehicle

U.S. Census Bureau

Group Quarters
Proportion of smoke-free homes

U.S. Census Bureau
Tobacco Use Supplement to the Current
Population Survey (TUS-CPS)

Health and environmental risks from
hazardous sites

Superfund Enterprise Management
System (SEMS)

Amount of toxic pollutants released into
the environment

Toxics Release Inventory (TRI)
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National Survey on Drug Use and
Health (NSDUH)

3.3

Data Set Description

Restricting the utilized dataset to resources that are publicly accessible was essential, as it
was a primary goal for the project to utilize data that can provide real time community and
environmental SDOH insight to clinical and population health professionals and organizations.
Therefore the two datasets utilized were the 2018 Social Vulnerability Index (SVI) and the 2018
North Carolina Healthcare Cost and Utilization Project (HCUP). The Social Vulnerability Index
(SVI) database is comprised of 15 variables, and organized in four main themes, which includes
socioeconomic status, household composition, race/ethnicity/languages, and
housing/transportation (CDC, 2021). The data identified at or above the 90th percentile is
considered high vulnerability, and given a value of one, whereas all other data is assigned a zero.
The composite index can be downloaded at no cost on the CDC website.
The HCUP data is a longitudinal database complied of metrics on hospital encounters
including surgeries, emergency department visits, and in-patient stays (Agency for Healthcare
Research and Quality (AHRQ), 2022). Due to addresses being a metric collected for all patients,
zip code specific analysis was possible. Therefore, patients with a North Carolina address that
received hospital services in state, were included in the database records and thereby included in
the project analysis. AHRQ has a variety of national and state specific database information
available for download. However, the database referenced for this project was made available
through a data shared use agreement established by Dr. Kit Simpson. Therefore, only those with
approved access to the data are legally able to view and analyze its content.
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3.4

Data Collection/Procedure

Though I found limited literature that specifically details methods on how to facilitate the
integration of community and environmental SDOH data into EHR systems. Fortunately, the
National Academy of Medicine published social and behavioral domains that I was able to build
from (2014). I also referenced “Community Vital Sign” research conducted by Bazemore and
colleagues, which produced a table that consolidated environmental SDOH variables as
determined by the National Academics of Science’s Accelerating Data Value Across a National
Community Health Center (ADVANCE) Network (2016). Additionally, Stefanacci and Riddle’s
highlight of the Healthy People guidelines and its practical application in executing an effective
community needs assessment revealed key SDOH elements to consider (2018). An analysis of
the Robert Wood Johnson County Health Rankings and Roadmaps, specifically for the northwest
region was identified as well (Gonnering and Riley, 2018).
Lastly, the Geospatial Research, Analysis, and Service Program (GRASP) in partnership
with the Centers for Disease Control and Prevention (CDC) developed a Social Vulnerability
Index (SVI) database that historically has been used in natural disaster situations to identify
disadvantaged areas (Flanagan et al, 2018). The SVI provides census tract level data that has
been utilized to create county and zip code profiles for 15 vulnerability themes (Flanagan et al,
2018). Flanagan and colleagues (2018) suggest that the resource can be referenced to find
correlations between health disparities and social barriers, which suitably was directly aligned
with my project’s purpose and long-term function. Based on the comprehensive nature of the
models, I executed a compare and contrast analysis of the SVI, Healthy People 2030 guidelines
and Robert Wood Johnson (RWJ) County Rankings frameworks.
Though all three models serve as great reference tools for standard classifications for
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SDOH variables, each model presents limitations. For example, the RWJ County Rankings
though reflective of community and individual indicators, the resource is heavily restricted to
county and state specific information. Also, it was found that the model for coupling health
factors to outcomes is an approach that is more strongly associated in some counties than others,
which speaks to the complexity of health disparities, but also identified a threat to validity for the
state wide analysis presented in this project (Gonnering and Riley, 2018). The Healthy People
2030 guidelines provided a variety of metrics including census tract and state data. However,
given the number of SDOH variables that solely reference state statistics, the tool is limited in its
ability to conduct smaller geographic analysis.
Finally, the SVI data provides all metrics in a standard census tract format, which is also
available at the zip code and county level. Therefore, its data was a better fit for the scope of this
project. One of the restrictions of the resource is that it doesn’t comprehensively address
community/environmental factors such as food insecurity and environmental hazard risks.
Despite this limitation, SVI is the model used for the logistic regressions preformed to assess the
association between community and environmental factors with infant mortality, adult mortality,
and ambulatory care sensitive conditions.

3.5

Independent and Dependent Variables

To analyze infant and adult mortality, a binary indicator of death was used as the
dependent variable with independent variables controlling for zip code social vulnerability
(<90% vulnerable vs. ≥ 90% vulnerable), gender, and insurance status. The analysis of
ambulatory care sensitive conditions (ACSC) included a binary indicator of admission with a
diagnosis of at least one of the ACSC as the dependent variable with independent variables
27

controlling for zip code social vulnerability (<90% vulnerable vs. ≥ 90% vulnerable), age,
gender, and insurance status.

3.6

Data Analysis

Descriptive statistics were reported using means and percentages for continuous and
categorical variables, respectively. Differences between social vulnerability index (SVI) groups
were assessed using t-tests for continuous and chi-square tests for categorical variables. Models
for infant mortality, adult mortality, and ambulatory care sensitive conditions (ACSC) were
modeled using logistic regression. All analyses were conducted using SAS 9.4 (Cary, NC).

3.7

Protection of Human Subjects

Due to this project’s exclusive use of public database resources, the analyses were
exempt from approval of the institutional review process for MUSC and any other organization.
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4

4.1

CHAPTER IV RESULTS

Table 3: Demographic Characteristics of infants < 1 year old hospitalized in 2018 (N =
1,008,586)

Hospital Infant Death Risk in NC Zip Codes in 2018 by Social Vulnerability Index (SVI) ≥ 90% Status
Variable Name

SVI ≥ 90 (High)
n = 28,058
11.3 (47.8)

SVI < 90
n = 980,528
8.5 (41.8)

Age in Days Mean (SD)
Sex, n (%)
Female
564,269 (57.6)
Male
416,259 (42.5)
Ethnicity, n (%)
Hispanic
48,019 (4.9)
Non-Hispanic
932,520 (95.1)
Race, n (%)
Black
243,553 (24.8)
Hispanic
48,019 (4.9)
Other
47,534 (4.9)
White
641,433 (65.4)
Insurance Status, n (%)
Medicaid
198,371 (20.2)
Medicare
333,340 (34.0)
Uninsured
57,058 (5.8)
Other
37,474 (3.8)
Private
354,296 (36.1)
Infant Mortality n, (%)
Did not Die
960,278 (97.9)
Death
20,261 (2.1)
SVI = Social Vulnerability Index

P-Value
0.0022
<.0001

15,655 (55.8)
12,403 (44.2)
<.0001
1,849 (6.6)
26,209 (93.4)
<.0001
13,402 (47.8)
1,849 (6.6)
2.602 (9.3)
10,205 (36.4)
<.0001
7,799 (27.8)
11,008 (39.2)
1,811 (6.45)
770 (2.7)
6,670 (23.8)
0.0009
27,398 (97.6)
660 (2.4)

All infant demographic characteristics were indicated to be statistically significant with
p-values less than .05. Female infant patients were represented in both SVI classifications, at
greater proportion than their male counterparts. There was nearly a 23 percent increase in the
prevalence of Black infants that were classified as having a high SVI, as compared to the lower
SVI group. The prevalence of white infants identified in the high SVI category was nearly 30
percent less than those categorized with lower SVI. Additionally, percentages of infants with
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Medicaid and Medicare increased by respectively 7.6 and 5.2 percent for patients with a high
SVI, whereas it decreased by 13.7 percent for those with private insurance. Overall, rates of
mortality was relatively the same for both SVI classifications.

4.2

Table 4: Odds Ratio Death Estimates for infants < 1 year old hospitalized in 2018 (N =
1,008,586)

Hospital Infant Death Risk in NC Zip Codes in 2018 by Social Vulnerability Index (SVI) ≥ 90% Status
Variable Name
Female
Insurance Status, n (%)
Medicaid
Medicare
Uninsured
Other
Private
SVI ≥ 90 (High)
SVI = Social Vulnerability Index

Odds Ratio (OR)

95% Confidence Interval (CI)

.75

0.73-0.77

0.55
2.02
0.62
2.27
1.0 (reference group)
1.13

0.52-0.58
1.95-2.08
0.57-0.68
2.14-2.41
1.05-1.23

When controlling for insurance status and social vulnerability, it was found that the odds
of infant mortality for those admitted to the hospital were 25 percent less for female infants
compared to male infants (OR=0.75, 95% CI: 0.73-0.77). As compared to those with private
insurance, the odds of infant mortality for those admitted to the hospital were 45 percent and 38
percent lower for those with Medicaid insurance (OR=0.55, 95% CI: 0.52-0.58) or uninsured
(OR=0.62, 95% CI: 0.57-0.68) respectively, controlling for sex and social vulnerability.
Additionally, for those classified as having ‘other’ insured (OR=2.27, 95% CI: 2.14-2.41),
infants admitted to the hospital had approximately 2.3 times the odds and Medicare infants
(OR=2.02, 95% CI 1.95-2.08) admitted to the hospital had 2 times the odds risk of infant
mortality, controlling for sex and social vulnerability. There was an observed 13 percent increase
in the odds of infant mortality among those admitted into the hospital for those classified as
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having a high social vulnerability (OR=1.13, 95% CI: 1.05-1.23), controlling for insurance status
and sex.

4.3

Table 5: Demographic Characteristics of adults ≥ 18 yrs old hospitalized in 2018 (N =
877,307)

Hospital Adult Death Risk in NC Zip Codes in 2018 by SVI ≥ 90% Status
Variable Name
Age Mean (SD)
Sex, n (%)
Female
Male

SVI < 90
n = 852,676
51.6 (20.0)

SVI ≥ 90 Point (High)
n = 24,631
57.7 (19.6)

498,841 (58.5)
353,835 (41.5)

10,725 (43.5)
13,906 (56.5)

Ethnicity, n (%)
Hispanic
32,915 (3.9)
Non-Hispanic
819,762 (96.1)
Race, n (%)
Black
211,331 (24.8)
Hispanic
32,915 (3.9)
Other
35,272 (4.1)
White
753,159 (67.2)
Insurance Status, n (%)
Medicaid
130,160 (15.3)
Medicare
333,302 (39.1)
Uninsured
51,058 (6.0)
Other
32,630 (3.8)
Private
305,527 (35.8)
ACSC Status, n (%)
Existing ACSC
99,536 (11.7)
Non-Existing ACSC
753,141 (88.3)
SVI = Social Vulnerability Index
ACSC = Ambulatory Care Sensitive Conditions

P-Value
<.0001
<.0001

<.0001
1,221 (5.0)
23,410 (95.0)
<.0001
11,915 (48.4)
1,221 (5.0)
2,115 (8.6)
9,398 (38.1)
<.0001
5,070 (20.6)
11,008 (44.7)
1,699 (6.9)
732 (3.0)
6,122 (24.9)
<.0001
3,419 (13.9)
21,212 (86.1)

All adult demographic characteristics were indicated to be statistically significant with pvalues less than .05. Female patients had greater prevalence in the lower SVI group than High
SVI, whereas the percentage of men with high SVI increased by 15 percent. There was nearly a
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24 percent increase in the prevalence of Black adults classified as having a high SVI, as
compared to the lower SVI group. In contrast, the prevalence of white adults identified in the
high SVI group, was 29 percent less than those categorized with lower SVI. Additionally,
percentages of adults with Medicaid and Medicare increased by over 5 percent for patients with
high SVI. However, the rates of those represented in the high SVI group for adults with private
insurance decreased by nearly 11 percent. Overall, rates of ACSC were slightly elevated by
approximately 2 percent for adults with a high SVI.

4.4

Table 6: Odds Ratio Death Estimates for adults ≥ 18 yrs old hospitalized in 2018 (N =
877,307)

Hospital Adult Death Risk in NC Zip Codes in 2018 by SVI ≥ 90% Status
Variable Name
Age
Female
Insurance Status, n (%)
Medicaid
Medicare
Uninsured
Other
Private
SVI ≥ 90 (High)

Odds Ratio (OR)

95% Confidence Interval (CI)

1.046
0.77

1.045-1.047
0.74-0.79

1.46
1.01
1.13
2.92
1 (reference group)
1.15

1.37-1.55
0.98-1.05
1.03-1.23
2.74-3.10
1.06-1.25

In this regression model, it was found that the odds of hospital adult death increased by
4.6 percent for each year of age (OR = 1. 46, 95% CI: 1.045-1.047) and decreased 23 percent if
the adult identified as female (OR = .77, 95% CI: 0.74-0.79), when controlling for insurance
status and social vulnerability. As compared to those with private insurance, the odds of adult
death increased by 46 percent and 13 percent respectively, if they have Medicaid insurance (OR
= 1.46, 95% CI: 1.37-1.55), or were uninsured (OR = 1.13, 95% CI: 1.03-1.23), controlling for
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age, sex, and social vulnerability. Adult patients with ‘other’ insurance (OR = 2.92, 95% CI:
2.74-3.10) have approximately 2.9 times the odds of dying than those with private insurance,
controlling for age, sex, and social vulnerability. There were relatively no differences between
patients with private insurance and Medicare. However, patients classified as having high social
vulnerability (OR = 1.15, 95% CI: 1.06-1.25) were 15 percent more likely to die, controlling for
age, sex, and insurance status.

4.5

Table 7: Odds Ratio ACSC Estimates for Adults ≥ 18 yrs old hospitalized in 2018 in NC Zip
Codes by SVI ≥ 90% Status

Hospital Adult Death Risk in NC Zip Codes in 2018 by SVI ≥ 90% Status
Variable Name
Age
Female
Insurance Status, n (%)
Medicaid
Medicare
Uninsured
Other
Private
SVI ≥ 90 (High)

Odds Ratio (OR)

95% Confidence Interval (CI)

1.032
1.00

1.031-1.032
0.98-1.01

1.64
1.31
1.91
0.80
1 (reference group)
1.19

1.60-1.69
1.29-1.33
1.85-1.97
0.76-0.84
1.14-1.23

The odds of having an ambulatory care sensitive condition (ACSC) among those
admitted to the hospital increased by 3.2 percent for each additional year of age (OR = 1.032,
95% CI: 1.031-1.032), when controlling for sex, insurance status, and social vulnerability. There
were no differences in odds of ACSC among those patients admitted to the hospital based on
their sex classification (OR = 1.0, 95% CI: 0.98-1.0) when controlling for age, insurance status,
and social vulnerability. As compared to those with private insurance, the odds of having an
ACSC among those admitted to the hospital increased by 64 percent, 31 percent, and 91 percent
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if they had Medicaid (OR = 1.31, 95% CI:1.60-1.69 ), Medicare (OR = 1.31, 95% CI:1.29-1.33 )
or were uninsured (OR = 1.91, 95% CI:1.85-1.97), respectively, controlling for age, sex, and
social vulnerability. Adult patients with ‘other’ insurance (OR = .80, 95% CI: 0.76-0.84), odds of
ACSC among those admitted to the hospital decreased 20 percent controlling for age, sex, and
social vulnerability. However, patients classified as having high social vulnerability had 19
percent greater odds of ACSC (OR = 1.19, 95% CI: 1.14-1.23) among those admitted to the
hospital, controlling for age, sex, and insurance status.

5

5.1

CHAPTER V DISCUSSION

Discussion of Results

The general construct of SDOH variables seeks to explain the multi-dimensional
influences that impact individual and community health. The selection to solely focus on the
community and environmental variables provided the framework to more distinctly examine the
potential of association between social vulnerability and health outcomes such as infant
mortality, adult mortality, and ambulatory care sensitive care conditions. Through logistic
regression models, I found that the demographic composition of hospitalized infants and adults,
differed based on their SVI classification. For example, the percentage of hospitalized black
infants increased for those assigned to the high SVI group, whereas infants with other or private
insurance decreased in proportion. Hospitalized female infants had 25 percent lower odds of
infant mortality, when compared to males. Specifically, high SVI (OR=1.13, 95% CI: 1.05-1.23)
was associated with a 13 percent increased risk of infant mortality for those hospitalized, when
controlling for insurance status and sex.
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The results with hospitalized adults was similar in that there was greater prevalence (24
percent) of Black patients in the high SVI category, as opposed to their white counterpoints
which experienced a 29 percent decrease in proportion in the high SVI category. Insurance type
was also an observed factor, for the proportion of those with private insurance decreased by 11
percent odds in the high SVI group and those with other insurance had nearly 3 times the
percentage odds of dying. High SVI for hospitalized adults was found to increase the odds of
ACSC diagnosis (OR=1.19, 95% CI: 1.14-1.23) by approximately 19 percent and death
(OR=1.15, 95% CI: 1.06-1.25) by 15 percent, among those admitted to the hospital, when
controlling for age, sex, and insurance status.

5.2

Limitations
The study was limited in generalizability for the results can only be applied to those

hospitalized within a North Carolina healthcare system. However, given the large sample size,
and detailed demographic information, the external validity is warrantied. Additionally, due to
the complexity of weighting other zip code level community and environmental SDOH
variables, we were only able to explore the variables noted in the SVI, and not those proposed in
the model I constructed (i.e. food security, proportion of smoke free homes and rated of hazard
and toxic pollutants). Lastly, the utilization of zip codes as the geographic measure can also be
considered a limitation given the various sizes of zip codes and it’s subject to change nature,
whereas census tracts provide the most narrowed community level data.

5.3

Future Research
Demographics and health insurance are the basic SDOH associated with social
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vulnerability and health outcomes. Future research needs to also focus on economic status,
neighborhood factors, education, food and nutrition, as well as quality of health care. It is
necessary for policy makers to recognize the importance of SDOH both within and outside the
healthcare delivery system in policy making. Health policies should address social needs by
allocating resources to improve health equity. For example, integrating SDOH data into EHR
systems can enable clinicians and allied professionals access to community and environmental
level patients SDOH information in a timely manner, thus further improving health outcomes.

5.4

Conclusions
Overall, I observed the existing correlation between environmental and community

SDOH and health outcomes for hospitalized infants and adults. The analyses provided additional
evidence to support the exploration of non-clinical health factors. I also observed that race and
socioeconomic status, particularly insurance status are significant factors in health outcomes,
social vulnerability, and the existing health disparities, including the most preventable
hospitalized illnesses such as ambulatory sensitive care conditions (ACSC). Therefore, initiatives
that seeks to achieve health equity and improve outcomes for those most vulnerable should
include population health strategies that address community and environmental SDOH as well as
support the development of EHR systems that have the capability to embed SDOH data.
Together these effort can continue to tailor population health interventions and maximize
community impact.
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Appendices

Figure 1: NC Vulnerability Map
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Figure 2: NC Vulnerability Categories Map with Two Cities Marked

43

